Abstract: Aquaculture is one of the fastest growing primary food production sectors in India and ranks second behind China. Due to its growing economic value and global demand, India's aquaculture industry experienced exponential growth for more than one decade. In this study, we extract land-based aquaculture at the pond level for the entire coastal zone of India using large-volume time series Sentinel-1 synthetic-aperture radar (SAR) data at 10-m spatial resolution. Elevation and slope from Shuttle Radar Topographic Mission digital elevation model (SRTM DEM) data were used for masking inappropriate areas, whereas a coastline dataset was used to create a land/ocean mask. The pixel-wise temporal median was calculated from all available Sentinel-1 data to significantly reduce the amount of noise in the SAR data and to reduce confusions with temporary inundated rice fields. More than 3000 aquaculture pond vector samples were collected from high-resolution Google Earth imagery and used in an object-based image classification approach to exploit the characteristic shape information of aquaculture ponds. An open-source connected component segmentation algorithm was used for the extraction of the ponds based on the difference in backscatter intensity of inundated surfaces and shape metrics calculated from aquaculture samples as input parameters. This study, for the first time, provides spatial explicit information on aquaculture distribution at the pond level for the entire coastal zone of India. Quantitative spatial analyses were performed to identify the provincial dominance in aquaculture production, such as that revealed in Andhra Pradesh and Gujarat provinces. For accuracy assessment, 2000 random samples were generated based on a stratified random sampling method. The study demonstrates, with an overall accuracy of 0.89, the spatio-temporal transferability of the methodological framework and the high potential for a global-scale application.
Introduction
In the context of increasing global population and food demand, aquaculture is considered as one of the fastest growing food industries in the world. Even though deep-sea and inland fish capture meets half of the share of the global fish demand, the aquaculture industry contributes almost 50% of global fish consumption. As per the latest estimates by the Food and Agricultural Organization (FAO), global aquaculture production reached 76.6 million tons (excluding aquatic plants and non-food products) with a value of 157.9 billion United States dollars (USD) in the year 2015. This marks 4% annual growth data archive. Furthermore, detected aquaculture ponds were quantified, and respective patterns were analyzed at a regular distance along the coast in relation to other phenomena such as major river deltas, cities, and mangrove ecosystems. By doing so, this study aims to provide comparable and spatially explicit information on land-based aquaculture, giving insights into local hotspots of this raising economic sector, and providing baseline information for policy-makers and environmental managers for the sustainable management of coastal wetlands in India.
Study Area Description
India is the second largest country in the aquaculture industry, and shrimp cultivation is prevalent along the coastal lagoons, deltas, estuaries, and the transition zones outside mangrove forests. India's mainland has a very long coastline of 5422 km, and shrimp cultivation is carried out in 102 districts of nine coastal provinces of India (Gujarat, Maharashtra, Goa, Karnataka, Kerala, Tamil Nadu and Pondicherry, Andhra Pradesh, Odisha, and West Bengal) by mainly small-scale farmers [30] . India is the second most populous nation in the world. The total population in the 102 coastal districts is 0.29 billion, which is about one-fourth of the total population of India. Approximately 62% of the total population of the nine coastal provinces is located in the coastal districts of these states, and about 250 million people live within a corridor of 50 km from the actual coastline [3, 4] . As per the reports of the Marine Products Export Development Authority (MPEDA), Government of India, the total shrimp production in the year 2015-2016 was 497,622 tons, and about 1.2 to 1.4 million ha in the coastal zone of the country was estimated to have potential for shrimp farming [31] . According to the United Nations (UN) FAO report on the national aquaculture sector overview in India (2014), small-scale farmers along the nine coastal provinces contribute over 90% of the total shrimp production and they mainly depend on backwaters and estuaries [30] where shrimps are commonly grown in small dedicated ponds along coastal wetlands, such as mangroves, swamps, estuaries, brackish water, and lagoons. In total, around 4.7% of India's land area comprises wetlands, of which about 27% are coastal wetlands. In 2011, about 2900 km 2 of these wetlands were occupied by aquaculture ponds, representing about 1.9% of the total wetland area of the country [32, 33] . In our study, we applied a rather open definition of the coastal zone by applying a 200-km buffer zone inland from the mainland coastline of India, which sums up to approximately 1.1 million km 2 of total land area ( Figure 1 ). Figure 1 . India with the study area shown (200-km buffer zone inland from the actual coastline). Major rivers, provincial boundaries, and major urban centers along coastal India are indicated in the figure.
Data Used

Sentinel-1 Multi-Temporal Data
In this study, the main data source originated from the Sentinel-1 satellites. The Sentinel series of satellites is part of the Copernicus program designed by the European Union (EU) and European Space Agency (ESA). Sentinel-1 is a series of currently two satellites (Sentinel-1A and Sentinel-1B) with a synthetic-aperture radar (SAR) instrument operating on board at a C-band of 5.5-GHz frequency. In this study, we used all available vertical-horizontal (VH) polarized SAR data in the default interferometric wide-swath (IW) mode and the ground range detected high-resolution (GRDH) format acquired during the time period of September 2014 to June 2017. Each scene in the IW mode was captured in three sub-swaths using the terrain observation with progressive scans SAR (TOPSAR) method. This method results in a swath width of 250 km and 5 m by 20 m spatial resolution, which is then resampled to 10-m spacing for GRDH products. Figure 2 represents the coverage of the acquired Sentinel-1 VH polarization data for the time period of September 2014 to June 2017 in both look angles. In our study, we used only the descending mode look angle in favor of a more homogeneous backscatter data cube, resulting in a total of 2983 scenes distributed over the whole coastal zone of India. 
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Sentinel-1 Multi-Temporal Data
Auxiliary Geodata
Further auxiliary data used in this study comprise the following:
• Elevation data for topographic masking of areas unfavorable for aquaculture cultivation, which is acquired for the whole study area from the Shuttle Radar Topographic Mission digital elevation model (SRTM DEM). A total of 441 tiles covering the whole study area were downloaded from the United States Geological Survey (USGS) web portal. The downloaded dataset has a resolution of 30 m and is freely available.
• A detailed coastline dataset for India for generating a land/water mask, which was provided by the Institute of Geographic Sciences and Natural Resources Research (IGSNRR), Chinese Academy of Sciences. This dataset gives more detailed and up-to-date shoreline vector data than other globally available datasets.
• Up-to-date shrimp production data for India from the Marine Products Export Development Authority (MPEDA), Government of India. The state-wise estimated shrimp production and the area under cultivation from the time period of 2001-2002 to 2015-2016 are available on the website of MPEDA [35] .
• The global mangrove distribution from USGS at 30-m spatial resolution was generated from global land survey (GLS) data for 2000 (version 1.3); the Landsat archive was used for spatial profiling. Even though it was validated using existing datasets, this dataset has some limitations, such as misidentification of small patches of mangroves (less than 900-2700 m 2 ), and errors due to cloud cover and noise [36] .
• Administrative areas at the district level based on Census 2011, which were downloaded from http://projects.datameet.org/maps/. 
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Methodology
The derivation of aquaculture can be categorized into five main steps, i.e., preprocessing, the calculation of a temporal median layer, topographic masking, segmentation, and spatial analysis (see Figure 3) . The object-based classification methodology exploited the very characteristic shape of Remote Sens. 2019, 11, 357 6 of 17 aquaculture ponds and, for the most part, followed the approach from Reference [1] ; therefore, it is only described briefly.
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Since aquaculture activities are generally practiced in flat estuarine environments with hardly any slope and low elevation, in the next step, topographic masking was applied based on SRTM DEM data and, the derived slope information was used to exclude mountain areas and rough terrain. In this way, another source of error was eliminated, since hilly areas often feature dark shadows in the down range dimension of SAR images, and they are, therefore, often misclassified as water areas. Furthermore, coastline vector data were used to exclude ocean, rivers, and water bodies since only land-based aquaculture was of interest in this study.
Aquaculture Reference Samples
Aquaculture ponds have very characteristic shapes that should be exploited. To delineate aquaculture ponds using an object-based classification approach, representative information on shape parameters is needed. In view of this, we digitized 3123 aquaculture ponds through visually interpreting high-resolution satellite data from Google Earth imagery along the entire coastal zone of India within a 20-km buffer zone from the shoreline. Imagery from before 2014 was not considered. To ensure a representative distribution of samples over the coastal zone, sample points were randomly distributed over the coastal zone, and the nearest pond to each point was selected as a sample. To quantitatively describe the geometry of the sampled aquaculture ponds, we calculated area and their compactness metrics, i.e., area, perimeter, radius, and perimeter/area. Figure 4 shows the shape statistics on digitized pond structures for the nine provinces in India.
Remote Sens. 2018, 10, x FOR PEER REVIEW 7 of 17 feature the same form factors, the former appear much darker in the median image due to their persistent water surface throughout the year. Since aquaculture activities are generally practiced in flat estuarine environments with hardly any slope and low elevation, in the next step, topographic masking was applied based on SRTM DEM data and, the derived slope information was used to exclude mountain areas and rough terrain. In this way, another source of error was eliminated, since hilly areas often feature dark shadows in the down range dimension of SAR images, and they are, therefore, often misclassified as water areas. Furthermore, coastline vector data were used to exclude ocean, rivers, and water bodies since only land-based aquaculture was of interest in this study.
Aquaculture ponds have very characteristic shapes that should be exploited. To delineate aquaculture ponds using an object-based classification approach, representative information on shape parameters is needed. In view of this, we digitized 3123 aquaculture ponds through visually interpreting high-resolution satellite data from Google Earth imagery along the entire coastal zone of India within a 20-km buffer zone from the shoreline. Imagery from before 2014 was not considered. To ensure a representative distribution of samples over the coastal zone, sample points were randomly distributed over the coastal zone, and the nearest pond to each point was selected as a sample. To quantitatively describe the geometry of the sampled aquaculture ponds, we calculated area and their compactness metrics, i.e., area, perimeter, radius, and perimeter/area. Figure 4 shows the shape statistics on digitized pond structures for the nine provinces in India. 
Object-Based Analysis of Sentinel-1 Median Image to Extract Aquaculture Ponds
On the basis of the Sentinel-1 median image, aquaculture ponds were delineated by applying an object-based connected component segmentation algorithm, provided by the Orfeo Toolbox, an open-source library of image-processing algorithms from the CNES (French Space Agency). The connected component segmentation comprised three steps. Firstly, a water mask was applied to select pixels of the image which were to be segmented. The threshold for differentiating between land and water was automatically defined using the Otsu thresholding approach [37] . In order to cope with the large data volumes, and to account for regional differences in data coverage which also affect the temporal median, the coastal zone was divided into 11 sub-regions with approximately equal proportions of land and water areas necessary for meaningful land/water thresholds during the segmentation step [38] . In the second step, the actual connected component segmentation was performed with a user-defined criterion, the so-called Euclidian intensity pixel distance criterion, to decide whether two neighboring pixels belonged to the same segment or not. This threshold was adopted from Reference [1] who iteratively tested different values for the same purpose of segmenting aquaculture ponds. After this, in the final step, an object-based image filtering was applied using shape attributes as criterion reasoning on segment properties. Thereafter, the resulting image objects were filtered according to thresholds of objects and their shape 
On the basis of the Sentinel-1 median image, aquaculture ponds were delineated by applying an object-based connected component segmentation algorithm, provided by the Orfeo Toolbox, an open-source library of image-processing algorithms from the CNES (French Space Agency). The connected component segmentation comprised three steps. Firstly, a water mask was applied to select pixels of the image which were to be segmented. The threshold for differentiating between land and water was automatically defined using the Otsu thresholding approach [36] . In order to cope with the large data volumes, and to account for regional differences in data coverage which also affect the temporal median, the coastal zone was divided into 11 sub-regions with approximately equal proportions of land and water areas necessary for meaningful land/water thresholds during the segmentation step [37] . In the second step, the actual connected component segmentation was performed with a user-defined criterion, the so-called Euclidian intensity pixel distance criterion, to decide whether two neighboring pixels belonged to the same segment or not. This threshold was adopted from Reference [1] who iteratively tested different values for the same purpose of segmenting aquaculture ponds. After this, in the final step, an object-based image filtering was applied using shape attributes as criterion reasoning on segment properties. Thereafter, the resulting image objects were filtered according to thresholds of objects and their shape properties (minimum and maximum
object area, object elongation, size of the object, and size of the object bounding box) that were defined from the collected aquaculture samples (see Section 4.2).
Validation of the Results
The validation of derived aquaculture objects was done by creating a reference dataset with two classes-aquaculture and non-aquaculture (all the surface features other than aquaculture within the study area). To ensure a representative distribution of samples over the coastal zone, we generated 200 × 200 km grids and calculated the proportion of derived aquaculture area within each grid. Then 2000 sample points were distributed among the grids using stratified random sampling based on each grid's share of aquaculture area. The aquaculture and non-aquaculture reference sample points were carefully labeled using very-high-resolution imagery available between September 2014 and June 2017 in Google Earth. Then, a confusion matrix was generated to derive producer and user accuracies for the two classes and the overall accuracy.
Furthermore, a quantitative validation of shape parameters of derived pond objects was performed to have an indicator of the accuracy of the object-based segmentation approach. For this, a total of 432 ponds were randomly selected from our reference dataset. Only objects that were also identified as ponds by our algorithm were selected. Then, for the 432 objects, shape parameters (area, perimeter, and perimeter/area) for both datasets-the dataset with the reference ponds and the dataset with the automatically extracted ponds-were calculated and compared.
Quantification of Aquaculture Ponds
From the extracted aquaculture ponds, spatial statistics on the relative aquaculture areas were calculated for regular units every 5 km along the coastline to reveal the large-scale patterns of aquaculture production in India, starting from Gujarat in the west to West Bengal in the east. Furthermore, the spatial metric of relative aquaculture proportion was correlated with the relative area of mangrove vegetation. For this, the mangrove dataset from USGS was used as a basis. Along the coastline of India, the major river deltas and major urban centers were also identified and localized within the spatial profile to reveal the influence of urban development on aquaculture pond distribution [9] . Furthermore, the aquaculture ponds were spatially aggregated at the province and district level based on the district vector file to compare the results with the official shrimp production statistics provided by the Marine Products Export Development Authority (MPEDA), Government of India. Figure 5 shows spatial subsets of derived aquaculture structures for five subsets along India's coastal zone, representing dominant areas of aquaculture activity, i.e., (1) Kutch, Gujarat; (2) Kambay, Gujarat; (3) Vedaranyam, Tamil Nadu; (4) Eluru, Andhra Pradesh; and (5) Gangetic Delta, West Bengal. The individual aquaculture objects overlaid on the median SAR backscatter coefficient are clearly visible in dark-blue color. The aquaculture ponds occurred in mostly rectangular compact shapes. The total area of detected aquaculture ponds was about 3200 km 2 , divided into more than 408,000 single ponds having an average pond size of about 0.8 ha. The user's and producer's accuracy and the overall accuracy were calculated from a total of 1000 test samples to validate the extracted aquaculture ponds. In total, 814 of 1000 aquaculture points and 978 of 1000 non-aquaculture points were correctly classified, resulting in an overall accuracy of 89.6% While the developed approach shows generally satisfying results, certain issues related to small-scale aquaculture with ponds too small to be resolved by the Sentinel-1 sensor could be identified. Another problem was the confusion of aquaculture with flat features such as salt pans, which appear as dark features in the SAR image. Also, the discrimination between aquaculture and natural water tanks was difficult in some cases, particularly in southeast India. Figure 6 shows detailed pond outlines in comparison to a recent Pleiades image for a spatial subset located in Eluru, Andhra Pradesh (subset 4 of Figure 5 ). As can be observed, extracted ponds matched well with the ground-truth structures. Next to this qualitative evaluation, a quantitative analysis was performed, whereby shape metrics of 432 derived ponds were compared to manually digitized pond objects, the results of which are illustrated in Figure 7 . The comparison of shape attributes for manually and automatically derived objects resulted in R² values of 0.99 for area and 0.95 for the perimeter of the ponds. On average, the individual polygon area of extracted ponds was a bit smaller, comprising about 88% of the ponds' original size (see also Figure 6 ), which can be attributed to a conservative definition of the Euclidian intensity pixel distance criterion in the The user's and producer's accuracy and the overall accuracy were calculated from a total of 1000 test samples to validate the extracted aquaculture ponds (Table 1 ). In total, 814 of 1000 aquaculture points and 978 of 1000 non-aquaculture points were correctly classified, resulting in an overall accuracy of 89.6% While the developed approach shows generally satisfying results, certain issues related to small-scale aquaculture with ponds too small to be resolved by the Sentinel-1 sensor could be identified. Another problem was the confusion of aquaculture with flat features such as salt pans, which appear as dark features in the SAR image. Also, the discrimination between aquaculture and natural water tanks was difficult in some cases, particularly in southeast India. Figure 6 shows detailed pond outlines in comparison to a recent Pleiades image for a spatial subset located in Eluru, Andhra Pradesh (subset 4 of Figure 5 ). As can be observed, extracted ponds matched well with the ground-truth structures. Next to this qualitative evaluation, a quantitative analysis was performed, whereby shape metrics of 432 derived ponds were compared to manually digitized pond objects, the results of which are illustrated in Figure 7 . The comparison of shape attributes for manually and automatically derived objects resulted in R 2 values of 0.99 for area and 0.95 for the perimeter of the ponds. On average, the individual polygon area of extracted ponds was a bit smaller, comprising about 88% of the ponds' original size (see also Figure 6 ), which can be attributed to a conservative definition of the Euclidian intensity pixel distance criterion in the segmentation process. The average perimeter of extracted ponds, however, was about 30% larger than that of the digitized ponds. This difference can be explained by the more fragmented outlines of the extracted ponds from the 10-m Sentinel-1 data, compared to those of the digitized ponds based on very-high-resolution (VHR) imagery (see also Figure 6 ), which generally consisted of straight lines connecting vertices located in the ponds' corners.
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Distribution Profile along the Coast
The spatial distribution and concentration of aquaculture and mangroves along the Indian coast was calculated at 5-km intervals along the coastline. The spatial distribution profile of the abundance of aquaculture ponds is shown in Figure 10 . The locations of major river deltas and urban centers were identified and are shown in the profile to understand the relationship between their location and aquaculture development. Please refer to Figures 1 and 8 for the location of major river deltas and major urban centers.
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Other important urban centers such as Kandla, Mithapur, Bhavnagar, Alappuzha, Vedaranyam, and Sandeshkhali are located near areas having a significant concentration of shrimp aquaculture.
Discussion
The present study focused on the mapping of land-based aquaculture in the entire coastal zone of India. We applied the mapping approach developed by Reference [1] with region-specific thresholds, and successfully demonstrated the transferability of this approach to other regions. The objective of our study was the large-scale estimation of aquaculture at the pond level through contemporary SAR time series. With this study, we provide the first high-resolution aquaculture layer at the subcontinental scale.
Although the approach shows satisfactory results with accuracies beyond 80%, there are still more prospects in this research to improve the quality of mapping by minimizing misclassification with other features. Based on the freely available Sentinel-1 SAR data at 10-m spatial resolution, we were able to identify a large number of individual ponds and dikes. The approach worked particularly well in the coastal provinces where shrimp cultivation is practiced at the industrial level in very large ponds, such as in Andhra Pradesh and Kerala. The tendency toward slightly larger ponds can also be observed from the shape statistics in Figure 4 . In provinces such as in West Bengal, Maharashtra, or Orissa, a large portion of ponds are owned by small-scale farmers with considerably smaller pond sizes. In such cases the spatial resolution of 10 m is often too coarse for deriving meaningful objects at the pond level, which is the reason why, in some cases, a whole block of ponds was identified as a single object, or the approach failed to identify smaller ponds at all (see also Figure 11a ,c). In these cases, very-high-resolution data from SAR (e.g., TerraSAR Spotlight) or optical sensors (e.g., Worldview-2) would be able to extract ponds, as demonstrated by Reference [12] .
The large deviations in production statistics and aquaculture area estimates for the two provinces of Gujarat and Tamil might be attributed to several factors. Aquaculture production within these states might focus on other products than shrimp, or these ponds produce at relatively low intensity. This is definitely the case for Gujarat with an average productivity of only 236 kg per ha compared to country's average of 792 kg per ha [34, 39] . Further uncertainty is introduced due to the fact that, in India, traditional aquaculture systems in coastal regions alternate between rice cultivation and shrimp breeding, as still practiced by many farmers today, especially in the states of Kerala, West Bengal, Karnataka, and Goa. India has over 2.3 million ha of deep-water rice plots, where shrimp larvae are washed into the rice fields by coastal waters where they grow and are finally harvested [39] . Since the persistence of inundation throughout the year is a main feature in the applied approach to differentiate aquaculture from rice fields, those aquaculture systems were not identified here.
However, with all the advantages of SAR data in cloud-prone regions such as tropical and subtropical costal zones, there are also some limitations related to the application of radar data. In fact, radar data only measure the surface roughness without consideration of spectral properties, which poses some challenges. As can be seen from Figure 11a ,c, flat surfaces such as salt panes, roads, or abandoned fields or ponds resulted in the same dark surfaces as water ponds. In view of this, the combination of optical and SAR data, such as combining Sentinel-1 SAR data with high-resolution Sentinel-2 satellite data is ideal to improve the accuracy of the aquaculture mapping results. The additional multispectral information from Sentinel-2 can help to exclude false positives such as salt pans, flat areas of bare soil, backscatter shadows, etc., by incorporating the spectral reflectance characteristics of water bodies. Also, the real 10-m spatial resolution of Sentinel-2 would be an improvement against the native 5 × 20 m spatial resolution, particularly when the number of available Sentinel-1 scenes is so low that the quality of the resulting median backscatter image becomes deteriorated. Further research, therefore, will focus on the combination of SAR and multispectral information for aquaculture extraction. Furthermore, given the fact that aquaculture rapidly increased, particularly since the 1980s, spatio-temporal information on the historic aquaculture development within coastal zones can be regarded as highly valuable information for coastal managers. To identify trends of aquaculture development, time series assessments of long-term observation periods are needed. In view of this, we are also currently evaluating the potential of the Landsat program with more than three decades of satellite data in combination with high-spatial-resolution Sentinel-1 data to go back in time to assess the status of ponds identified with Sentinel-1.
Conclusion
In this study, we extracted land-based aquaculture at the pond level and performed detailed analysis on the underlying spatial patterns at the macroscale for the entire coastal zone of India. The approach originally developed by Reference [1] was, for the first time, applied and tested at the subcontinental scale spanning an area of more than one million km². We processed nearly 3000 Sentinel-1 scenes of 3 TB in size, and successfully demonstrated the spatial transferability and scaling-up of this approach. The resulting aquaculture layer for India is the first large-scale aquaculture product of its kind, allowing for homogeneous and comparable information on the spatial manifestation of India's land-based aquaculture sector.
The approach gave satisfying results with an overall accuracy of 89%, with a few quality issues related to either missing out on or aggregating small-sized tightly packed pond structures. Another issue was the confusion of aquaculture with inundated rice paddies or other flat features such as salt pans, which is one of the main sources of uncertainty to the approach in agricultural dominated coastal areas in Asia. Despite these limitations, the results presented are convincing, and the method proved its capability for application at the subcontinental level, which can be considered as a positive test for a global-scale application.
Although aquaculture is produced in all nine coastal provinces of the country, aquaculture is not distributed evenly throughout the coastal zones; rather, it is concentrated in a couple of distinct hotspot zones, with most of them found along the eastern coast of the country. Andhra Pradesh Further research, therefore, will focus on the combination of SAR and multispectral information for aquaculture extraction. Furthermore, given the fact that aquaculture rapidly increased, particularly since the 1980s, spatio-temporal information on the historic aquaculture development within coastal zones can be regarded as highly valuable information for coastal managers. To identify trends of aquaculture development, time series assessments of long-term observation periods are needed. In view of this, we are also currently evaluating the potential of the Landsat program with more than three decades of satellite data in combination with high-spatial-resolution Sentinel-1 data to go back in time to assess the status of ponds identified with Sentinel-1.
Conclusions
In this study, we extracted land-based aquaculture at the pond level and performed detailed analysis on the underlying spatial patterns at the macroscale for the entire coastal zone of India. The approach originally developed by Reference [1] was, for the first time, applied and tested at the subcontinental scale spanning an area of more than one million km 2 . We processed nearly 3000 Sentinel-1 scenes of 3 TB in size, and successfully demonstrated the spatial transferability and scaling-up of this approach. The resulting aquaculture layer for India is the first large-scale aquaculture product of its kind, allowing for homogeneous and comparable information on the spatial manifestation of India's land-based aquaculture sector.
Although aquaculture is produced in all nine coastal provinces of the country, aquaculture is not distributed evenly throughout the coastal zones; rather, it is concentrated in a couple of distinct hotspot zones, with most of them found along the eastern coast of the country. Andhra Pradesh holds a major share of coastal aquaculture in India. Particularly in the Krishna-Godavari delta belt and the Gangetic delta in West Bengal, vast areas of highly concentrated aquaculture ponds could be identified.
In view of the rapid development of the global aquaculture sector, with all its positive and negative effects on prevailing socio-ecological systems, the demonstrated low-cost approach based on open-source data is of high relevance to all aspects, i.e., planning, decision-making, management, and monitoring, of an integrated and sustainable management of the coastal zone. 
